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Data management software applications speciﬁcally designed for the clinical research environment are
increasingly available from commercial vendors and open-source communities, however, general-pur-
pose spreadsheets remain widely employed in clinical research data management (CRDM). The suitability
of spreadsheets for this use is controversial, and no formal comparative usability evaluations have been
performed. We report on an application of the UFuRT (user, function, representation, and task (analyses)
methodology to create a domain-speciﬁc process for usability evaluation. We demonstrate this process in
an evaluation of differences in usability between a spreadsheet program (Microsoft Excel) and a com-
mercially available clinical research data management system (Phase Forward ClintrialTM). Through this
domain-speciﬁc operationalization of UFuRT methodology, we successfully identiﬁed usability differ-
ences and quantiﬁed task and cost differences, while differentiating these from socio-technical aspects.
UFuRT can be generalized to other domains.
 2008 Elsevier Inc. All rights reserved.1. Introduction
Clinical and translational researchers are increasingly adopting
formal approaches to data collection and management. Many use
specialized systems, while others resort to more general tools, such
as ubiquitous spreadsheet programs to manage clinical research
data. At one author’s (M.N.) institution, spreadsheets are used for
clinical research data management more often than are specialized
clinical data management systems (CDMSs). Debate continues
unabated over the relative merits of the two approaches, with
the perceived rigor of specialized CDMSs being weighed against
the affordability of general spreadsheets. There are no deﬁnitive
studies in the published literature that might resolve the argu-
ment, or guide institutional decision-making regarding provision
of data collection and management software. In order to identify
and clarify differences, we need a method for comparing compet-
ing products for a particular research setting. We report on the
development of an operational process for the user, function, rep-
resentation, and task analyses (UFuRT) methodology [1,2] and
demonstrate this process in the context of a usability comparison
of two software packages used to manage clinical research data:
Microsoft Excel and Phase Forward Clintrial.ll rights reserved.
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m).2. Background
The UFuRT analysis methodology of Zhang et al. [1–3] is a gen-
eric conceptual framework that adheres to the principles of work-
centered design (WCD) [2]; although well-established, UFuRT has
not been operationalized in the clinical research domain.
The application of usability evaluations to the domain of clinical
and translational research has been limited. Schmier and col-
leagues argue for applying usability theory to the clinical research
domain [4] and describe how the framework of Constantine and
Lockwood [5] might be applied to clinical data management sys-
tems (CDMSs). This framework was designed to elucidate context
and potential usability issues and consists of six categories: envi-
ronment, device constraints, information, interaction, incumbent,
and operational risk proﬁle [5]. Further, Litchﬁeld et al. and Weber
et al. both describe controlled comparisons of Web-based elec-
tronic data capture (EDC) systems [6,7]. To date, however, there
are no published reports of applications of formal usability meth-
ods in the clinical research data management (CRDM) domain,
and the operationalization of the UFuRT analysis in this domain
therefore represents a signiﬁcant contribution to this ﬁeld.
UFuRT was chosen because: (1) it encompasses functionality
evaluation, commonly applied when selecting software; (2) the
framework is grounded in WCD; and (3) UFuRT can provide quan-
titative assessments regarding necessary investments of both time
and ﬁnancial resources. Thus, UFuRT establishes both a qualitative
and a quantitative context that supports the decisions clinical and
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systems.
3. Methods
3.1. Operationalization of the UFuRT framework
Our framework for operationalization of UFuRT within the clin-
ical research domain (Fig. 1) shows domain-speciﬁc methods for
applying the generic UFuRT methodology. UFuRT enables charac-
terization and direct comparison of users, functionality, represen-
tation, and tasks of software applications. Speciﬁc
operationalizations for the clinical research data management do-
main are described for UFuRT’s user, function, representation, and
task analysis categories.
3.1.1. User analysis
In the operationalization framework, user roles were identiﬁed
using domain expertise and characterized by research-related
responsibilities, work environment, level of expertise, and educa-
tion (Table 1). Research characteristics that affected roles were
identiﬁed from Clinicaltrials.gov data elements, medical subject
headings (MeSH) and associated deﬁnitions [8,9] and included in
a work domain ontology, which was modeled under the basic for-
mal ontology (BFO) using Protégé-Owl v. 3.3.1 [10].
3.1.2. Functional analysis
Functions (activities and their associated objects) were identi-
ﬁed for the CRDM domain and added to the work domain ontology.
Terms and deﬁnitions from existing standards were used where
available [11–14]. Where no formal deﬁnitions existed, domain
expertise was used to deﬁne terms, assuring domain coverage.
Fifty-ﬁve functions from the ontology were identiﬁed as critical
to the domain. Software products were rated against this list using
exhaustive and mutually exclusive categories by four domain ex-
pert raters (Table 2). Software was evaluated as initially purchased,
without modiﬁcation. In any instance where programming was re-
quired to add functionality, the function was rated as not sup-
ported. Indirectly supported functions were those that could be
accomplished with the software through the addition of manual
steps or procedural controls.USER
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Fig. 1. Framework for operationalization of UF3.1.3. Representational analysis
Most applications employed in the CRDM domain support
intensive data capture from key entry. Thus, representation at
the form (page) level and ﬁeld level are important for such applica-
tions. A typical page from an example clinical trial (Table 3) case
report form (CRF) was selected for our analysis. Representation
of data elements at both ﬁeld and form level was assessed. The def-
inition of data ﬁeld (a speciﬁc area used for a particular class of data
elements on a data medium or in a data storage device) was taken
from the ISO/IEC 2382-4 standard; a form was deﬁned for the pur-
poses of this research as a page of paper (or its electronic equiva-
lent) containing multiple data elements. Field-level comparisons
included Stevens’ scales of measurement [15] and ﬁeld structure,
in which each ﬁeld in the data capture user interface was catego-
rized as supporting or not supporting the innate scale (nominal,
ordinal, interval, or ratio) of the data element. In this way, Stevens’
scales were used to assess the degree of data reduction (capturing
or displaying data in a way that decreases the amount of informa-
tion conveyed) between the represented data and the CRF, and be-
tween the CRF and the representations in the software
applications. Data collection structure and format of ﬁelds in the
applications were also compared.
Form-level comparisons included view orientation [16] and spa-
tial proximity. Each form was classiﬁed using Zeng’s categories of
source, time, or concept orientation; the capacity of the applications
for rendering the representation was also assessed. Spatial proxim-
ity was measured as distance from the visual center (the average
[x,y] coordinates of all ﬁelds displayed on the form). In addition, a
spatial proximitymapwas created bymeasuring distance fromeach
ﬁeld on a typical form to every other ﬁeld on the form. Semantic
proximity was assessed by categorizing each ﬁeld as an identity/
synonym, belonging to the same question group, the same module,
or the same page. Mapping was performed between spatial and
semantic proximity to compare software applications.
3.1.4. Task analysis
The operationalization of UFuRT task analysis in the CRDM do-
main required identiﬁcation of select activities from the functional
analysis for more detailed evaluation. Six primary data manage-
ment functions corresponding to Tan’s basic functions of health
data management systems were chosen [17] (Table 4). To opera-
tionalize the UFuRT methodology within our domain, the followingl Research Roles
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Table 1
User characteristics for data collection and management software.
User group Description of trial-related responsibilities Location Education Experience Environment
Clinical trial
investigator
Designs clinical trial; ultimately responsible for research. Site MD Novice Clinical
setting
Site investigator Person conducting a clinical investigation, usually at one of several clinical
investigational sites.
Site MD Novice Clinical
setting
Study
coordinator
Often a registered nurse, working under the direction of a site investigator to carry out
the trial at an investigational site
Site RN; BS;
MS
Novice Clinical
setting
Research
assistant
Assists in trial operations; e.g., phlebotomy, data abstraction, data recording, patient
scheduling.
Site AA; BS Novice Ofﬁce
Clinical trial
monitor
Oversees sites; reviews procedures and documentation to ensure that trial is
conducted in accordance with protocol and applicable regulations
Site/data
center
RN; BS Novice Clinical
setting/ofﬁce
Clinical data
manager
Coordinates data collection and processing; designs CRFs and databases Data
center
BS; MS Expert Ofﬁce
Clinical data
assistant
Tracks forms, enters/cleans data, assists sites with data questions, executes user testing
plans
Data
center
AA; BS Intermediate Ofﬁce
Statistician Trial statistical design and analysis Data
center
MS; PhD Expert Ofﬁce
Statistical
programmer
Creates analysis datasets; programs statistical analysis Data
center
BS; MS Intermediate-
Expert
Ofﬁce
Software
installer
Deploys and maintains software applications Data
center
AA; BS Novice Roaming
Table 2
Categories used for functional comparison.
Rating Deﬁnition
Directly supported Software has the functionality or automates the process
Indirectly supported Software does not have the functionality, but with
addition of ‘‘work-around,” the function can be
accomplished; i.e., with manual steps, procedural or
managerial controls
Not supported Function cannot be accomplished using the software
without application language programming or other
customization
Indeterminate Rater is unfamiliar with the function, software, or is
otherwise unsure if the function can be accomplished
within the software
Table 3
Characteristics of example clinical trial used in analysis.
Characteristic Metric
Number of patients 105 enrolled; 100 evaluable
Number of investigational sites 5 sites enrolling 1 patient/site/month
Number of visits 4
Volume of data collected 100 pages/patient; 2000 variables/patient
Electronic data loads Bi-monthly; 1 panel loaded; 80 records/patient
Data cleaning 300 data cleaning rules; 3% of data discrepant
Clinical coding 10 coded terms per patient; 80% auto-coding hit
rate
Table 4
Six primary data management tasks.
Task Deﬁnition
Enter data
(key entry)
The process of putting data onto a machine-readable medium (ISO
2382-6, 1987)
Load data (1) To put data in a database (ISO 2382-17, 1996); (2) to transfer
data into storage device or working registers (ISO 2382-6, 1987)
Code data (1) In clinical trials, the process of assigning data to categories for
analysis (CDISC Glossary); (2) to code: to convert data by the use
of a code in such a manner that reconversion to the original form
is possible (ISO-2382-6, 1987)
Clean data In clinical research, to identify discrepancies in data and attempt
to resolve them either through reasoning, situation-based
guidelines, or veriﬁcation with the source
Store data To maintain data in a way that allows changes and prevents
adulteration while maintaining a link to the data values stored in
each data element. Taken from: storage (device): a functional unit
into which data can be placed, in which they can be retained, and
from which they can be retrieved (ISO/IEC 2382-1: 1993), and
storage organization: the arrangement of storage and of its access
operations corresponding to a data structure and to its
associations (ISO/IEC 2382-17, 1996)
Transfer data To send data from one storage location to another. Syn. to move
(ISO 2382-6, 1987)
M. Nahm, J. Zhang / Journal of Biomedical Informatics 42 (2009) 327–333 329tasks were used: (1) an example form was entered; (2) a discrep-
ancy identiﬁcation rule was carried out; (3) a data update was
made; (4) a data ﬁle was loaded; (5) a term was coded; and (6) a
data extract and transfer were performed in both software applica-
tions. Individual steps required to accomplish the function (tasks)
were identiﬁed, labeled as internal or external, and counted to
quantify the mental and physical steps needed to carry out each
function. Thus, software applications could be evaluated based
on total number of steps and number of mental versus physical
steps to assess both the amount of time needed to complete tasks,
as well as relative cognitive load on the user.
For our UFuRT operationalization, differences in numbers of
steps and expert experience were used to estimate costs associated
with each system. Our assumptions included a time of 1 min for a
user to read a data validation check and apply the logic to identify
data discrepancies, and 5 min for a user to review a discrepancy,
document it, and communicate it to the clinical investigationalsite. We estimated an additional 2 min per discrepancy to manu-
ally track the process, where applicable. We further assumed that
a single-data-entry time of 4 min/page applied to both systems.
This metric, low for double data entry and high for single data en-
try, includes time needed to select the ﬁle from storage, log into
the system, enter data, and return the ﬁle to storage. The coding
assumption for both systems was 5 min per manually coded term.
Importantly, operationalization of UFuRT in this domain requires
that information from the task analysis be used to inform the cost
analysis. We accomplished this by a priori deﬁnition of operational
metrics (described above) for the analyzed tasks and subsequent
scaling based on step number. Keystroke-level modeling (KLM)
or goal, operator, method, selection (GOMS) modeling [18,19]
which take into account different times for different types of tasks,
would further reﬁne the cost analysis through a more direct cou-
pling of the task analysis to the cost analysis.
3.2. Design objectives
We sought to demonstrate the domain-speciﬁc operationaliza-
tion of UFuRT by comparing a general-purpose data collection tool
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Table 5
Data reduction in the data collection form design.
Represented Representing (paper data collection form)
Nominal Ordinal Interval Ratio Total
Nominal (481) 481 0 0 0 481
Ordinal (21) 0 21 0 0 21
Interval (202) 186 16 0 0 202
Ratio (162) 155 7 0 0 162
Total (866) 822 44 0 0 866
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Although Web-based EDC is increasingly ubiquitous, we chose to
use a paper-based CDMS because the work processes more closely
resembled the data processing model employed by Excel users.
Additionally, a comparison of Excel and Clintrial may help charac-
terize the relative advantages and disadvantages of spreadsheets
and CDMSs in a manner meaningful to investigators and research
teams. Such comparisons within the CRDM domain require speci-
ﬁcation of an example research project for which data are to be col-
lected and managed (Table 3).
Other applications, such as Microsoft Access (Redmon, WA),
applications built ‘‘on top of” relational database management sys-
tems, and vended or open-source specialty applications that are
also used for the management of clinical research data could have
been used for this demonstration to provide a comparison of two
similar systems. However, we sought to address a real and current
problem within the domain; i.e., comparison of a common general
tool with a specialized CDMS. Thus, the applications that we se-
lected for use in the demonstration differ widely in terms of user
base and functionality. Excel and Clintrial lie at opposite ends of
a spectrum with respect to domain specialization, process automa-
tion, cost, and support for the relational model. Thus they repre-
sent the breadth of systems presently used for managing clinical
research data and provide an informative demonstration of UFuRT
for the CRDM domain. Understanding differences between prod-
ucts at opposite ends of such a spectrum may clarify similar ques-
tions surrounding other products in this domain.
3.3. System descriptions
The Microsoft Excel 2003 service pack 2 spreadsheet pro-
gram (Microsoft Corporation, Redmon, WA) and ClintrialTM ver-
sion 4.4 (Phase Forward Inc., Waltham, MA) were evaluated.
Excel is a robust general spreadsheet, rich in functionality and
used across many industries to capture, store, and analyze data.
It is easily obtained and costs a few hundred dollars, and can
be installed on a desktop computer with a compatible operating
system by a novice without assistance or other infrastructure.
The software can be controlled and maintained locally at the
user’s computer. Data are stored in individual ﬁles (with the
application-speciﬁc extension .xls), which are created, named,
and organized by the user.
The Clintrial system was developed speciﬁcally to manage
clinical research data. Clintrial is touted as the market leader
among CDMSs, with over 200 installations in the life sciences
[20]. Clintrial is a client-server application that uses the Oracle
relational database management system (RDBMS) for database
transactions. Thus, application and data are separate, with data
independence achieved through storage in the Oracle relational
database. Clintrial supports multiple schemas wherein different
sets of tables are created for each clinical trial. The system is nei-
ther simple nor quick to obtain, and requires RDBMS and net-
work infrastructure to set up and maintain the application
server and database. Products such as Clintrial, along with more
recent Web-based EDC software, are mainstays of data manage-
ment for regulated, industry-sponsored clinical trials, while
spreadsheets are often used in small-scale, investigator-initiated
clinical research.
4. Results
Because our primary focus was operationalization of the UFuRT
methodology in the CRDM domain, we present only high-level re-
sults of our demonstration, with the intent of exemplifying the
type of information that future applications of this method in this
domain should expect.The work domain ontology developed from the UFuRT analysis
contains 217 total classes and 16 relationships. The user analysis
resulted in the identiﬁcation and classiﬁcation of ten roles or clas-
ses of users (Table 1). Fifty-ﬁve key functions were identiﬁed, de-
ﬁned, and rated for Clintrial and Excel. Inter-rater reliability was
measured as average percentage agreement among four senior
data managers; inter-rater reliabilities of 90.9% and 70.0% were ob-
tained for Clintrial and Excel, respectively. Clintrial directly sup-
ports 87% of key functions; Excel directly supports 18%. When
indirectly supported functions (requiring additional manual steps),
are included, Clintrial provides 91% of the functionality, while Ex-
cel provides 62% (Fig. 2). Neither product supported optical
scanning.
The scale representation results provided in Table 5 show that
the paper CRF tended to collect data at a lower scale than the
inherent scale of the represented data element. Further, data
reduction was not observed between the CRF and the Clintrial or
Excel representations, as both applications had sufﬁcient function-
ality to maintain the scale of the data as represented on the CRF.
Field structure, however, differed between the products due to
variations in available functionality. For example, when validation
(drop-down lists) is used in Excel, the ‘‘type ahead” feature is not
active. The user either selects from the drop-down menu with a
mouse, or types the text string. In Clintrial, data in drop-down
ﬁelds can be entered by keying the ﬁrst letter of the choice, thereby
minimizing keystrokes and other motion. There is signiﬁcant
optionality (lack of ﬁeld structure) in Excel for data entry, including
the option of entry as all text and entry with no ﬁeld limits.
Clintrial data entry interface facilitated replication of all three
form-level orientations (source, time, and concept), while the Excel
data entry interface could not visually represent three orientations
in the two-dimensional worksheet. Due to Excel’s row and column
representation, the third orientation required additional work-
sheets, columns, or rows. For example, time was usually recorded
as a record (row) identiﬁer in Excel, whereas in Clintrial, data taken
at different time points were represented as different patient visits
in the navigation tree and, thus, on different data entry screens.
Excel also exhibited a lesser degree of spatial proximity than
Clintrial (Table 6). For our demonstration CRF with 20 variables,
Table 6
Distance from visual center of form.
Distance from visual center Clintrial (paper) Excel
Maximum (in) 4.4 6.8
Median (in) 1.8 3.5
Average (in) 2.1 3.5
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several times and visually scan for the correct column, slowing
data entry and adding mental steps.
Semantic proximity is mapped to spatial proximity in Fig. 3.
From this mapping, it can be seen that almost 9% of ﬁelds on the
demonstration form are >8 inches apart in the Excel representa-
tion, clearly outside of the usual ﬁeld of view (1–4, or approxi-
mately 0.5–2.0 in. at a distance of 28 in. from the computer
monitor). In the Clintrial representation, on the other hand, no
two ﬁelds are as much as 8 in. apart, and the majority are 2–4 in.Fig. 3. Mapping of spatial aapart, a difference directly attributable to Clintrial’s form-based
representation, as opposed to the table-based representation in Ex-
cel. Further, as the number of variables on a form increases, the
spatial proximity decreases more rapidly in the table-based repre-
sentation and semantic and spatial proximity are further decou-
pled. Thus, whereas spatial and semantic proximity correlate
closely on the CRF and Clintrial representations, they do not do
so in the Excel table-based view. The user must therefore compen-
sate, mapping the form view of the CRF to the table view in Excel
and increasing the amount of visual scanning, resulting in higher
cognitive loads [21,22].
The task analysis results displayed in Table 7 show the number
of steps required to process data for the example clinical trial in
each system. Not only was the total number of steps higher in Ex-
cel, but importantly, a greater percentage of Excel steps were inter-
nal mental steps: 364,042 (41%) versus 200,642 (26 %) for Clintrial.
In addition, for forms with more than 10 ﬁelds, the table-based
view of Excel forces either multiple keyboard-to-mouse handnd semantic proximity.
Table 7
Task analysis.
Task Steps/
unit
Internal
steps/unit
No. of
units
Total steps
Excel
Data entry 68 19 10,000 680,000
Data load 14 5 6 84
Screening 1 1 8000 8000
Interactive coding 5 4 1000 5000
Identify discrepancies 4 4 30,000 120,000
Review & send discrepancies 3 1 6000 18,000
Update stored data 10 6 6000 60,000
Extract stored data 8 2 6 48
Total – – – 891,132
Clintrial
Data entry 71 17 10,000 710,000
Data load 9 3 6 54
Screening 5 2 6 30
Interactive coding 6 3 200 1200
Identify discrepancies 0 0 0 0
Review & send discrepancies 3 2 6000 18,000
Update stored data 9 3 6000 54,000
Extract stored data 7 2 6 42
Total — — — 783,326
Table 8
Components of cost analysis for example trial.
One study Clintrial Excel
Database set-up 600 h 20 h
Data entry 973 h 973 h
Data cleaning 729 h 1456 h
Coding 17 h 85 h
Data loading 28 h 56 h
Coordination 580 h 870 h
Total 2927 h 3460 h
Total cost $68,660 $81,419a
a Licensing cost included.
Data Management Cost
0
500,000
1,000,000
1,500,000
2,000,000
2,500,000
3,000,000
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29
Studies per year
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Clintrial
Fig. 4. Cost analysis.
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source to a more normalized spreadsheet structure (mental steps)
resulting in a higher cognitive load on the user [21,22].
These ﬁndings, together with operational metrics derived from
one author’s (M.N.) experience managing a large clinical trial data
center, were used to model the cost of managing data for the
example trial in both Clintrial and Excel. Because spatial proximity
issues, a greater number of total steps, and a higher proportion of
internal steps in Excel would yield slower entry times with that
utility, we correspondingly adjusted our data entry metric to
4 min as the time required to enter a CRF page in Excel, versus
3.84 min in Clintrial. On the basis of these results we also added
2 min per discrepancy in Excel to account for manually applying
the rule and tracking each discrepancy. Importantly, these task
analysis results thus inform an associated cost analysis.
In addition to the data processing metrics described in Section
3, time required for programming, user testing, and coordination
of data processing were included to yield a more comprehensive
cost analysis. Programming, including user testing for the database
and data validation checks, was estimated at 1.5 h per page for
database set-up and 1.5 h for programming each rule. We assumed
20 h per month for managing data collection and an additional
10 h per month for additional administrative tasks (daily back-
ups; creation of status reports; reconciliation of manual tracking
with data) needed for the Excel system. Our model assumed a
21-month enrollment period at a rate of 1 enrollment per month.
A blended annual salary of $40,000 with a 22% overhead rate
was used to account for the combination of data processor, pro-
grammer, and data manager rates (Table 8).
All of the data management costs here are variable; the partic-
ular cost drivers for each of the six categories of data management
tasks, however, are different. Database set-up costs are determined
by number of total and unique CRF pages as well as number of data
validation checks programmed. Data entry costs are driven by the
number of data ﬁelds to be entered, often assessed at the page level
by assuming a standard number of ﬁelds per page (e.g., 20–25).
Data cleaning costs are driven ultimately by the number of queries
generated. After database set-up, coding costs are driven by the
number of manually coded terms, while data import and export
costs are driven by the number of data transfers.
Costs of large trials vary as a function of CRF size [23]. For exam-
ple, if ﬁve pages of data are collected instead of a 100-page CRF (adifference of 80%), time needed for programming, data entry, and,
often, cleaning and coding also decreases proportionately. Time
needed for data coordination, however, does not decrease in pro-
portion: for our example trial, 20–30% of an individual’s time
(30–45 h per month) would be a typical allocation.
We modeled data management costs for the example trial over
an increasing number of studies per year; licensing costs of Excel
were included. The licensing cost of a CDMS was not, because such
costs vary greatly. Presenting the analysis in this manner (Fig. 4)
facilitates identiﬁcation of the price point at which a CDMS be-
comes ﬁnancially justiﬁable. For example, given a modest estimate
of $100,000 in licensing fees, implementation, and administration,
a specialized CDMS was not ﬁnancially advantageous when fewer
than 8–15 trials were conducted per year.
5. Discussion
It is evident that user roles in the CRDM domain are common
across systems that are likely to be evaluated in a comparative nat-
ure. The characteristics of an individual clinical trial, however, may
result in different use patterns. For example, depending on
whether the trial is large, Web-based, or investigator-initiated,
data may be entered at a central data center, at clinical investiga-
tional sites, or by the site investigator. Thus, the data collection
scenario impacts user roles and system use. Our operationalization
framework for the UFuRT methodology makes these different use
patterns explicit through modiﬁcations of the responsibilities and
other dimensions shown in Table 1.
Our classiﬁcation scheme (directly supported versus indirectly
supported) distinguished between task automation and manual
steps, thereby illuminating areas where customization or use of
additional software would be necessary. Also, the work domain
ontology initiated here contributes to the further deﬁnition of
the CRDM domain and is likewise applicable to other evaluations
within this domain.
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tionality (input), as shown in Fig. 1. Although data input is the pre-
dominant transactional aspect with respect to usability, other
applications in the CRDM domain may beneﬁt from representa-
tional analysis in data display, extraction, or manipulation. The
representational analysis combined with the task analysis was suc-
cessful in identifying differences in user cognitive load. The impact
of ﬁeld and form structure on data quality was not evaluated in
this work and remains an area for future research.
The task analysis revealed differences in the number of total
and internal steps, an indicator not only of usability but also of data
processing costs. Our cost model, based on the six main tasks plus
database set-up and data coordination time, is applicable to other
areas where the evaluators are able to obtain similar organiza-
tional metrics or feel that those presented here are acceptably rep-
resentative. Because many investigators are unfamiliar with detail-
level data collection and management tasks, they may not antici-
pate additional manual steps needed for indirectly supported but
essential functions. Application of this evaluation framework ren-
ders these steps transparent and does so in an objective manner.
5.1. Depth and differentiation achieved through UFuRT
UFuRT differentiated different aspects of usability; e.g., cogni-
tive load, distributed cognition, and number of task steps, and so-
cio-technical aspects. For example, through the cost analysis, we
demonstrated that start-up costs are signiﬁcantly less with Excel
in terms of training, infrastructure, and licensing. As evidenced
by the number of manual steps required when using a general tool
like Excel, the volume capacity of CDMSs is often necessary for
large multicenter trials and may be a factor in choosing systems.
Factors such as need for automation, type of research, available
staff, and extent of desired local control tend to be speciﬁc to the
organization. While selection of clinical research data management
products is often based on functionality alone, organization-spe-
ciﬁc needs warrant the additional depth and insight afforded by
systematic usability evaluation. CRDM software is a sizable invest-
ment for most organizations, often costing over $1 million, and the
costs associated with application of a more systematic evaluation
thereby pale in comparison.
5.2. Limitations
The demonstration portion of our study did not evaluate sys-
tems in the context of different types of research, or for more than
one clinical trial. We used an example CRF that was deemed ‘‘typ-
ical;” use of an atypical form might yield different results. The
functions we investigated were obtained from an analysis of clini-
cal trials data management; results drawn from analyses of pre-
clinical research, registries, or community research might differ
from our ﬁndings. Due to the options available in Excel, the ﬁeld
counts would be different for different table structures; e.g.,
stacked (fewer columns, such as lab test name and value) versus
one column per variable (lab test). We used a ﬂat (de-normalized
one row per patient or time point, one variable per column) struc-
ture, which in our experience is most often chosen by users in the
clinical research data management domain. A more normalized
data model would lead to different task counts. Steps were manu-
ally counted for the task analysis at the level of detail deemed illus-
trative; a task analysis that included more formal methods, such as
GOMS, KLM, or keystroke capture might produce different counts.
6. Conclusions
In summary, the systematic UFuRT analysis was successfully
operationalized and applied to answer a question of importanceto the CRDM domain. Differences in functionality, representation,
and number of steps required for tasks speciﬁc to the domain were
characterized, showing Excel to be a more manual and resource-
intensive solution for clinical research data collection and manage-
ment. The application of this methodology in a comparative usabil-
ity evaluation provides insight into the differences between the
compared software applications, and the implications of those dif-
ferences for potential users. Importantly, the UFuRT method facil-
itated discrimination of cost and task (number of steps) factors
from related socio-technical factors, further illuminating the latter.
Importantly, UFuRT can be operationalized using similar method-
ology in other domains.
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